Abstract Interactions between proteins largely govern cellular processes and this has led to numerous efforts culminating in enormous information related to the proteins, their interactions and the function which is determined by their interactions. The main concern of the present study is to present interface analysis of cardiovascular-disorder (CVD) related proteins to shed lights on details of interactions and to emphasize the importance of using structures in network studies. This study combines the network-centred approach with three dimensional studies to comprehend the fundamentals of biology. Interface properties were used as descriptors to classify the CVD associated proteins and non-CVD associated proteins. Machine learning algorithm was used to generate a classifier based on the training set which was then used to predict potential CVD related proteins from a set of polymorphic proteins which are not known to be involved in any disease. Among several classifying algorithms applied to generate models, best performance was achieved using Random Forest with an accuracy of 69.5 %. The tool named CARDIO-PRED, based on the prediction model is present at http://www.genomeinformatics.dce.edu/CAR DIO-PRED/. The predicted CVD related proteins may not be the causing factor of particular disease but can be involved in pathways and reactions yet unknown to us thus permitting a more rational analysis of disease mechanism. Study of their interactions with other proteins can significantly improve our understanding of the molecular mechanism of diseases.
Introduction
The non-modifiable major risk factors associated with CVD include advancing age, genetic predisposition, gender and ethnicity, with aging being the major risk factor. Despite of numerous studies in the cardiovascular field many unanswered questions remain as to how the genetic pathways that regulate aging in model organisms influence cardiovascular aging. A number of longevity genes and their related pathways identified in model organisms have been assessed for their role in CVD (North and Sinclair 2012) . The association between genes and diseases has been well studied in the past and has been documented in various databases such as Online Mendelian Inheritance in Man (OMIM, http://omim.org/), Genetic Association Database, Disease ontology and many more. These databases not only provide genes associated with the disorders but also, insight about the common genes or essential genes which are involved in pathways and processes of multiple disorders. The human disease gene network has already established link between the genetic disorders with the genes. An important conclusion inferred from this network is that genes associated with similar disorders show higher likelihood of physical interaction between their products, thus forming a hub of essential genes and their products (Goh et al. 2007) .
Documentation of genes with the associated disease is not enough to understand the biological details of pathogenesis and disease progression. It is important to identify various molecules and mechanism triggering, participating and controlling the biological process. This understanding of molecular mechanism is a complex process and not much is known about the mechanism (Gonzalez and Kann 2012) . Now with the tremendous increase in human interaction data, it is important to understand how any biological function is exerted over the body and this can only be made possible by the inclusion of structural details in the networks.
Undoubtedly, sequence based annotation is important in unravelling the encoded information but the finer details of the molecular mechanism within the cell is possible only with the structural information (Marini and Brandi 2010) . Protein structures provide a higher resolution of information and a more sensitive approach for detecting similarities among proteins by including details about structures of the interacting proteins in the network, protein hubs and protein interfaces. Structural profile of the proteins provides the opportunities in understanding the cellular functioning in terms of structural scaffolds which facilitate the underlying molecular recognition events. Moreover, a protein's structure is more conserved than its amino acid sequence (Choura and Rebaï 2011) .
Protein-protein interactions (PPI) network is a way of representing how two or more proteins interact with each other in a cell, and biological processes, are essentially interactions between multiple proteins (Zhang and Ouellette 2011) with PPI networks controlling the flow of information both within and between the cells. Network representation where proteins are nodes and interactions are edges is useful indicator of biological process and protein function (Choura and Rebaï 2011) . It is well known that proteins are the main agents of biological function based on their interactions with other proteins and to other biomolecules such as DNA and RNA, mediating metabolic and signalling pathways and cellular processes. Protein interaction do not necessarily mean the physical association of proteins but can be metabolic interactions where proteins are involved in the same pathway or genetic interactions displaying co-expressed and co-regulated proteins (Gonzalez and Kann 2012) . Any protein rarely acts alone but as mentioned above interacts with other protein to carry out a specific function. This pair of interacting protein forms a protein complex. The protein fragments within the complex that actually comes together and interact forms a special region called protein interface (Aung 2006) . Thus, protein interaction networks are useful resources to gain knowledge about the evolution of proteins and about the different systems in which they are involved. Alteration in this network can potentially lead to various disorders because disorders are often caused by alteration in the binding sites or allosteric changes in the protein. For example, mutation in the zinc finger domain present in the oncoprotein MDM2 can disrupt the interaction of MDM2 with L5 AND L1 (ribosomal proteins) that mediates p53 degradation and leads to cancer (Zhang and Ouellette 2011) . Moreover, in protein-protein network, most of the proteins have few interactions whereas some proteins may have multiple interactions, these protein are central to the stability and normal functioning of the proteins in the network for example p53, p21, p27, BRCA1, ubiquitin, calmodulin are extensively involved in different forms of cancer, and the product of these genes forms a hub. Deletion of these hub proteins, is lethal to the organism, hence it can be inferred that these proteins are encoded by essential genes and are important targets for molecular and structural studies (Choura and Rebaï 2011) . In some cases, during the binding process, interactions between two proteins might involve order-disorder transitions in partially disordered regions of the interacting proteins. These unstructured or disordered regions have been found to be involved in many disease mechanisms. For instance, the cancer suppressor BRCA1 has been shown to contain intrinsically disordered regions through which it binds to several proteins (Kann 2007) . Other than the interference in protein-protein interaction network, several diseases are caused due to disruption in protein-DNA interaction, protein folding mechanism, protein-RNA disruption, can enable pathogen host protein interaction or can lead to new undesired protein interactions (Gonzalez and Kann 2012) .
Protein interactions are mediated by specific recognition of distinct binding regions on the surface of interacting protein. Such recognition should be of sufficient affinity to effectively bind fragments of proteins, which is decided by specificities such as interfaces. Thus, interface properties and the topology of the protein involved play an important role in deciphering their function in the network. Various studies have been carried to integrate PPI network with the structural properties. A significant work in this regard has been done in the field of cancer biology. The cancer genes were mapped onto human PPI network and the network was studied with respect to structural features such as interface properties and study showed successful results in classifying cancer and non-cancer proteins (Kar et al. 2009) . A novel integrated approach was proposed named CAERUS, for identification of gene signatures to predict cancer outcomes based on domain interaction network in human proteome (Zhang and Ouellette 2011) . Further, a method was developed to find sub network-based signatures by incorporating PPI networks and gene expression profiles to classify metastatic and non-metastatic tumors (Chuang et al. 2007) . Studies have shown that a molecular mechanism leading to diseases is dependent on interlinked proteins and networks, but we are far from unravelling the difference in molecular interactions in healthy and diseased organism. Mechanism of genetic malfunctioning, that leads to one or several diseases can be understood when the molecular level of the protein interactions are known. Understanding the interactions and hence binding between proteins is critical for the rational design of new therapeutic agents targeted to disrupt the interactions that cause disorders (Gonzalez and Kann 2012) .
PPIs not only identify disease-associated interacting proteins but also the potential disease-associated gene candidates (genes coding for interacting proteins are putative disease causing genes). This theory has been used in the present work where all the protein associated with CVD have been retrieved and a classifier using machine learning algorithms is used to identify potential proteins which are associated with CVDs. This classifier is based on the interface properties of the interacting complexes, to differentiate CVD related proteins from non-CVD associated proteins.
Methods
The detailed protocol for the study has been mentioned below and is depicted as a flow chart in Fig. 1 .
Building datasets
OMIM (OMIM, http://omim.org/) Morbid Map was used to obtain training and test sample. The training sample: consisted of two subsets; one set consisting of all the proteins associated with the cardiovascular disorders and the other set consisting of all the protein associated with diseases other than CVDs. There are a total of 124 diseases in the class of cardiovascular disorders. For each disease, concerned proteins were listed. Test sample lists polymorphic proteins which are not known to be involved in any disease. Proteins were retrieved from humsavar.txtUniProt. It is text file describing human polymorphism and disease mutation and contains disease variants, polymorphisms and unclassified variants. In the present study, we used protein variants under polymorphism as test set (Magrane 2011 ).
Retrieval of the interacting proteins
Wang et al. found high quality binary PPI along with the atomic resolution interface. They combined reliable literature-curated binary interactions and well verified yeast two-hybrid interactions to produce human protein interaction network (Wang et al. 2012) . Further, they structurally resolved the interfaces of these interactions using iPfam and 3did utilizing homology modelling approaches. This resulted in a human structural interaction network (hSIN). This information is stored in the database with the gene id and Pfam id. hSIN was used to determine the structurally relevant interactions to the proteins involved in the cardiovascular interactions. Gene ids for the disease associated proteins were retrieved from NCBI, and the interacting partners with reliable structure were obtained from hSIN.
Structural interaction network
Once the structurally interacting partners have been obtained, a structure interaction network was formed by using Interactome3D. It is a web service for the structural annotation of protein-protein interaction networks (Mosca et al. 2013) . PDB codes with the interacting chains between proteins were retrieved.
Interface property analysis
For interface analysis, 2P2I inspector (a protein-protein interface analysis tool) was used that invokes VMD, NACCESS and SURFNET. It is a complete tool that computes the interaction properties from 3D structure of interacting complexes. The various descriptors provided by this tool includes accessible surface area (ASA), Gap Volume, percentage charged residues, secondary structure contribution, number of hydrogen bonds, number of salt bridges and number of disulphide bonds. All these parameters are important in determining the specificity and the strength of the interface. Input can be a PDB code or the PDB file along with the chains involved in the complex (Basse et al. 2013 ).
Balancing and building the random training dataset
Before running Weka (Hall et al. 2009 ), Cygwin tool was used, which is a popular GNU development tools for Microsoft Windows. With Cygwin, it is possible to easily port many Unix programs without the need for extensive changes to the source code. With Cygwin, a series of random files were created by combining the positive and negative data set. These files were then used in Weka for classification and finding the prediction probability of test or unknown dataset.
Classification analysis: algorithm and analysis
Comparison between the proteins involved in CVDs and those which are not known to be involved in these diseases were made using interface features which describe the protein complexes. By using machine learning algorithm, an automatic classifier capable of identifying genes more likely to be involved in CVDs based on the interfacial patterns was made. Different algorithms were tested and parameters such as true positive, true negative, false positive, false negative, precision, recall and accuracy were used to determine the best algorithm. Random forest with iteration 30 was used to generate the model for prediction. Tens runs of 10-fold cross validation were performed on the classifier algorithm used. The model generated was evaluated and used to predict the likelihood of polymorphic proteins associated with CVDs.
Development of user interface
For the prediction of involvement of unknown proteins in CAD, user-friendly web interfaces was developed. XHTML and CSS was used for creating presentation layer of CARDIO-PRED, the web server used was Apache/2.4.4 (Win 32) Open SSL/0.9.8y PHP/5.4.19. For backhand, database server version 5.5.32 MySQL community server (GPL) was used. It is hosted at http://www.genomeinfor matics.dce.edu/CARDIO-PRED/. The screenshots from the tool are as shown in the Fig. 2 .
Results

Proteins associated with cardiovascular disorders
A total of 124 diseases under cardiovascular class of disorder were extracted from OMIM Morbid Map. Proteins associated with the specific diseases were identified from UniProt KB. For each protein interactions which are structurally relevant i.e. in which both the interacting partners have Pfam id, were considered, out of a total of 124 proteins, only 47 interactions were found to be structurally relevant (Table 1 in supplementary material). For diseases other than the CVD, a total of 1200 interactions were studied and only 400 interactions were found to be structurally relevant. In the test set, almost 1500 polymorphic proteins were studied for interactions out of which only 600 interactions were structurally relevant.
Structural interaction and interface analysis network
A network with the PDB structures mapped onto interacting proteins was obtained from Interactome3D ( Fig. 3) . This network was generated separately for both training and the test set. A complete analysis of network helped in elucidating individual structures of proteins as well as the protein structures of interacting complexes. Along with the structures, this tool provides a detailed description of chains from both the proteins responsible for complex formation, which forms an important part of our study (Fig. 4) . A total of eight descriptors were obtained from 2P2I inspector namely accessible surface area, gap volume, gap volume index, % charged residues, number of hydrogen bonds, number of salt bridges, number of disulphide bonds and secondary structure at interface (Tables 2, 3 and 4 in supplementary materials). The parameters of interfaces for analysing interactions in the present study are as follows:
• Accessible surface area (ASA) this is the mean ASA buried by each domain of the complex.
• Complementarity of interface-gap volume provides a measure of complementarity and closeness of packing of the interface between two interacting proteins by measuring the volume of empty space between them (Kar et al. 2009 ).
• Gap volume index the gap volume index between two protein domains is calculated as ratio of gap volume to the interface area. It estimates the volume enclosed between any two molecules, delimiting the boundary by defining a maximum allowed distance from both interface (Kar et al. 2009 ).
• Planarity the planarity of interfaces analyzes the shape of the interface. It is defined as the rmsd of the interface atoms from the least-squares plane fitted through all interface atoms (Kar et al. 2009 ).
• Hydrogen bonding hydrogen bonds play key role in specificity of interactions between two proteins. The average number of hydrogen bonds is proportional to the area of subunit surfaces i.e. ASA: one bond per each 100-200 Å 2 (Moreira et al. 2007 ).
• Number of salt bridges the more the number of salt bridges, there will be more electrostatic interactions resulting in tighter packing within the residues.
• These descriptors were used to from the training and test sample. These files were used as input in Weka.
Classification and prediction analysis
A set of famous algorithms such as Naïve Bayes, Random Forest, J48, Random Forest with iteration 30, Bagging with Random Forest and Multilayer Perceptron were run on the dataset and comparisons were done between them (Table 1) . Various statistical values were used in determining the optimum classifier for our training sample. In Fig. 5 , true positive rate, true negative rate, precision, recall and accuracy-all were highest for Random Forest with iterations 30 (i.e. the number of trees were increased from 10 to 30). In the columns of false positive and false negative, Random Forest_30 scores the least. Thus, Random Forest_30 was found to be the best classifier in our dataset for the model building.
Prediction probability for test set
Predictions were made using the test sample to predict potential CVD related proteins from a set of polymorphic proteins. Further analysis of these may provide insight into yet unknown molecular mechanism various CVDs. List of all the polymorphic protein along with their prediction probability was obtained. The predicted proteins are not explicitly involved in causing CVD but may be involved in various pathways and mechanisms associated with CVDs. Table 2 shows the proteins with prediction value more than 0.8. A deep analysis of these proteins both computationally and experimentally can unravel the mechanisms not known to us. Further, the proteins listed in the table may be used to study gene prioritization by considering the proteins with the highest prediction probability as having the likelihood of being associated with cardiovascular disorders. 
Discussion
Main concern of the present study was to present interface analysis of CVD related proteins to shed light on details of interactions and to emphasize the importance of using structures in network studies (Kar et al. 2009 ). The results obtained showed that interface properties can be used as descriptors for classifying purposes; be it two different diseases, a set of disease having same phenotypic effect from other set of disease with different phenotype, or for all the known hereditary diseases. This study provided insights into the usage of fine structural details in disorders related to cardiovascular system. A further exploration of this study can be utilized to study whether the classifier could work equally efficient when used for classifying all the inherited disease. These results can be used as evidence when searching for candidate gene in predefined disease loci and also for predictions, to identify novel genes involved in the mechanisms. Studies have been carried out where sequence features such as cDNA, number of exons, protein size were investigated between set of genes known to be involved in hereditary disease and those not (López-Bigas and Ouzounis 2004; Adie et al. 2006) . Functional annotation shared between known diseases genes had also been used to design a classifier (Rao et al. 2012) . The classification based on genomic sequences have disadvantages associated with them, as algorithms which are based on functional annotations are inherently biased towards a particular known subset of genes. The present study utilized human PPI network with structural properties to compare genes involved in diseases. It is assumed that structural properties provide a much wider coverage of the understanding of mechanism of disease than sequence analysis. A promising approach for disease gene discovery is to combine all the evidences available such as PPIs, structures, sequences, transcriptional expression, functional annotation to make a classifier that would be possible to predict accurately without any ambiguities (Calvo et al. 2006 ). Protein-protein interaction network provide a vast area of study in which different criteria, different features can be utilized to devise new diagnostic tool or to understand a novel mechanism. Further, new prognostic tools can be created by identification of pathways or disease sub networks that get activated only in diseases states. For instance, a recent study integrated protein networks with cancer expression profile and identified pathway that get activated only during tumor progression discriminating metastasis better than earlier described markers (Gonzalez and Kann 2012) .
Drug target identification and drug design can be made more comprehensive by including disease networks and structural details, for example, structural information on allosteric site or binding site can be used to design potential drug to affect protein function. Further, rebuilding different The prediction of CVD associated genes is of great importance to understand the mechanism behind PPI. A lot of research efforts have gone into classifying proteins either as disease associated or not associated with a disease. Several bioinformatics strategies have been explored to develop an efficient model for this classification. Machine learning tools have been applied using different classifiers and different kinds of features/attributes based on protein sequence, structure and binding affinities. Such approaches in machine learning were used to develop the most optimal model by exploring the contribution of different attributes to interaction.
Some studies have shown the association between agerelated CVDs and osteoporosis with common etiology such as increased risk of hip fracture in women. Recent studies have shown that drugs have common effect for CVDs and osteoporosis, for example bone anti-resorptive drug reduces the risk of CVDs. Similarly, positive effects of statins, antihypertensive drugs have been shown on bone mass. These studies points to the common physiopathological molecular pathways between both the diseases. Statins for example, reduces cardiovascular mortality through reduction of LDL cholesterol levels, these have also been associated to increase bone mineralization in mice and reduction of fractures. All these examples suggest a link between the vascular and skeletal systems; therefore it is the main concern to understand the exact physiopathological mechanism shared between both the diseases as well as to determine common risk factors and genetic determinants (Marini and Brandi 2010) . 
Conclusion
The present study aimed at identifying and distinguishing proteins based on the interface parameters of the structure involved as CVD associated and CVD non-associated. It started with genes associated with disease to the structures associated with diseases. A classifier using Random Forest with 30 iterations was used for training based on the training set which included interface properties of proteins (with their interacting partners) associated with CVDs and proteins (with their interacting partners) associated with diseases other than CVDs.
To best of our knowledge, there are no prediction servers available based on interface properties of protein structure for predicting CVD associated proteins. In the present study, we presented a Random forest based method for prediction of CVD associated proteins with the accuracy of 69.5 %. The predicted proteins/genes may not be the causing factor of particular disease but can be involved in various pathways and mechanism yet unknown to us. Study of their interactions with other proteins can significantly improve our understanding in the molecular mechanism of diseases. Generally, mutations in proteins affect the structure of protein and hence it is becoming important to shift the focus from genetic studies to molecular studies. The classifying method has been implemented to develop a web based tool, CARDIO-PRED, which is available online at http://www.genomeinfor matics.dce.edu/CARDIO-PRED.
